This paper revisits the decades-old puzzle of the inverse plot-size productivity relationship (IR), which states that land productivity decreases with increasing plot size in developing countries. While most empirical IR studies define yields as self-reported production divided by plot size, this paper complements this approach with an alternative, objective method to estimate yields: crop cuts. Using crop cuts as proxy for yields, the IR in Ethiopia disappears, while the negative relationship is strong when yields are based on self-reported production. The inverse relationship is even reversed as there exists a weak, positive correlation between plot size and crop cuts. This implies that self-reported production is systematically overestimated on small plots and underestimated on larger ones. Our findings suggest that the IR is an artifact of systematic measurement error in self-reported production. The implications of the rejection of an inverse plot-size productivity relationship for the inverse farm-size productivity relationship are discussed.
Introduction
With an estimated 40 percent of the world's extreme poor living in Sub-Saharan Africa (Ferreira et al., 2016) , 1 the vast majority of whom derive their economic livelihood from agricultural activities (Livingston, et al, 2001) , understanding land productivity is central to the global goals of poverty reduction and economic development. More directly demonstrating this point, Irz, Lin, Thirtle, and Wiggins (2001) estimate that a 10 percent increase in farmland productivity reduces the number of poor people in Africa by 7 percent. Despite the global importance of land productivity in determining the wellbeing of the poor, one very basic descriptive characteristic of land productivity remains a puzzle that is why or even whether, there is an inverse relationship between farmland size and productivity?
Two empirical regularities between land size and land productivity have puzzled development economists for decades. The first regularity is well-known and is called the inverse farm-size productivity relationship (IR). As first noted by Chayanov (1926) in Russia and rediscovered by Sen (1962) in India, it states that land productivity decreases with farm size. This relationship has been observed in many developing countries and can be considered a stylized fact (Kimhi, 2006; Larson, Otsuka, Matsumoto, & Kilic, 2014) .
The inverse farm-size relationship has received considerable attention among researchers and policymakers because of its controversial implication for land reform (Collier & Dercon, 2013) . If small farms are intrinsically more productive than larger farms, land redistribution would not only shift the distribution of wealth but also increase overall land productivity.
The second empirical regularity has received far less attention. We call it the inverse plot-size productivity relationship. This relationship, observed in many Sub-Saharan African countries, states that, within a household, smaller plots are more productive than larger plots (Ali & Deininger, 2015; Assunção & Braido, 2007; Barrett, Bellemare, & Hou, 2010) . Although rarely emphasized, such a relationship implies that land fragmentation, that is subdividing the already small plots into even smaller units, would increase productivity. But more and smaller plots leads to increased travel time (in 1 Estimates from PovcalNet (iresearch.worldbank.org/PovcalNet), the World Bank data tool for estimating extreme poverty, indicate that the majority of the poor in the rest of the world also live in rural areas. For example, essentially all of the extreme poor (living on less than USD 1.90 per day) in China are estimated to be in rural areas; and in India, this figure is estimated to be about 80 percent.
moving from plot to plot), more wasted space along borders, and reduced options for mechanization that typically functions best on larger plots. For these reasons and others, this finding seems non-credible. A common policy recommendation to improve agricultural productivity is for greater land consolidation (not fragmentation), and indeed land consolidation programs have been implemented in several countries (Ali & Deininger, 2015; Blarel, Hazell, Place, & Quiggin, 1992; Pašakarnis & Maliene, 2010) .
The inverse plot-size and farm-size relationships are closely related. The most common and most intuitive explanation for the inverse farm-size relationship are missing markets. Missing land, labor, credit or insurance markets can explain differences in land productivity between households (Assuncao & Ghatak, 2003; Barrett, 1996; Carter & Wiebe, 1990; Eswaran & Kotwal, 1986; Feder, 1985) . Households with little land, but an abundance of labor, apply too much labor to their land because missing land and credit markets prevent them from purchasing or leasing more land, while the labor markets are not sufficiently developed to rent out their labor. Indeed, several studies have shown that the inverse farm-size relationship disappears if labor input is valued at the market wage and have shown that land on small farms is more intensively cultivated than on larger farms (a point noted by many, including: Ali & Deininger, 2015; Benjamin & Brandt, 2002; Carter, 1984; Heltberg, 1998; Lamb, 2003) . Missing markets cannot, however, explain differences in land productivity across plots within a household. In other words, missing markets can explain the inverse farm-size relationship, but fail to explain the inverse plot-size relationship. The existence of the inverse plot-size relationship has even led some to reject missing markets as the main explanation for the inverse farm-size relationship (Assunção & Braido, 2007) .
Two other explanations are frequently suggested to explain both the inverse plotsize and farm-size relationship: soil quality and measurement error in self-reported plot size. Soil quality can explain the IR if smaller farms (plots) have on average more fertile soils than larger farms (plots) (Benjamin, 1995; Benjamin & Brandt, 2002; Bhalla & Roy, 1988; Chen, Huffman, & Rozelle, 2011) . Though, in one of the few studies to use objective measures of soil quality data, Barrett et al. (2010) show that soil quality contributes only marginally to explaining the IR in Madagascar. They suggest that differences in labor inputs across plots or measurement error with respect to plot size are the only remaining candidate explanations for the inverse plot-size relationship. Lamb (2003) was the first to suggest that measurement error in self-reported land area could explain the inverse farm and plot-size relationship. Carletto, Gourlay and Winters (2015) find that replacing self-reported land size with GPS measurement weakened the farm-size relationship somewhat in several African countries, but the relationship never disappeared and even strengthened in Uganda (Carletto, Savastano, & Zezza, 2013) .
This paper offers and tests a new explanation for the inverse plot-size productivity relationship: measurement error in self-reported production. All recent papers on the IR define yields as self-reported production divided by plot size (Ali & Deininger, 2015; Carletto, Gourlay, & Winters, 2015; Carletto et al., 2013; Larson et al., 2014) . 2 One reason why systematic measurement error in self-reported production has not yet been considered as an explanation for the IR is because the data requirements to test it are very demanding. Systematic measurement error can only be studied if one has a second, independent measurement method of the same concept. In this study, we draw on two waves of a nationally representative dataset from Ethiopia which asked farmers to report production for all plots, and these plots were all measured with GPS (or with tape and compass for very small plots). In addition to the self-reported crop production, crop cuts were implemented on a limited set of randomly selected plots.
First used in the 1950s in India, the crop cut method is now widely recommended by the Food and Agricultural Organization of the United Nations for the accurate measurement of crop production (Fermont & Benson, 2011) . The crop cut methodology estimates yields by first randomly sampling plots from a master listing of plots, and then from within each of the selected plots, randomly drawing a small subplot (often a 4m x 4m square), delimiting it, cutting, and weighing the harvest of this subplot. Yields are then defined as the harvest in the subplot divided by the area of the subplot.
While crop cuts are often times considered to be a gold standard for measuring crop production, that is not to suggest that they estimate yield without error. As one example, even though mechanical scales are much more precise than self-reports, they still entail rounding error when reading the weight from the scale. Or, as another example, because crop cutting entails randomly selecting a subplot from a larger plot, there is sampling error if production is heterogeneous within the plot. While we assume that these sorts of errors are mean zero, this assumption is not necessary for our findings to hold.
The main assumption for our finding to hold is that whatever error there is in crop cut estimates, whether from sampling or measurement, the mean error is independent of the size of the plot. Given that the size of the subplot is fixed, regardless of the plot size (i.e. independent of the size of the plot), we maintain that whatever error there is associated with measuring the fixed-size subplot, it is similarly independent of the larger plot. Put another way, the mean error in crop cuts may be correlated with the size of the subplot, but there is no reason for why it should be related to the overall size of the plot from which the subplot is selected. 3
The key finding in this paper is that when using crop cuts to measure output, the inverse productivity plot-size relationship disappears in our data. In contrast, and consistent with existing literature, when we use self-reports of crop production, the relationship is strongly negative. This finding suggests that production is systematically overreported on small plots and underreported on larger ones.
The remainder of this paper is structured as follows. In the next section, we discuss the data and provide some descriptive statistics. We then show the conditions under which measurement errors in self-reported production can generate the inverse plot-size productivity relationship and discuss the estimation strategy. In the result section, we
show that the existence of the inverse plot-size productivity relationship depends on the method used to measure yields. Next, the sign and magnitude of measurement error in self-reported production as function of plot size is derived. Section 6 concludes and discusses the implications for the inverse farm-size relationship.
Data
We use data from two waves of the nationally representative Ethiopia Socioeconomic In contrast, systematic correlation between measurement error in self-reported production (for the entire plot) and plot size cannot be ruled out (Carletto et al., 2015) . 4 All data and relevant documentation are publicly available at: go.worldbank.org/HWKE6FXHJ0 5 LSMS-ISA: Living Standards Measurement Study -Integrated Surveys on Agriculture.
households. The time dimension in the data was not exploited, but pooling of the data both increases estimation power and allows us to show that the finding is not specific to a one point in time. 6 The survey collected standard information on household characteristics, consumption, living conditions and health.
The unique feature of the survey is its focus on agriculture. To gather detailed and accurate agricultural data at plot level, households were visited three times during the agricultural year. The first visit occurred in September-October to collect data on planting activities. During this visit, the area of most plots was measured with GPS. 7 The second visit occurred in November and implemented the livestock module. The final visit took place from January to April and collected data on agricultural production. This visit also included the household questionnaire.
In this paper, we exploit that yields were measured with two different methods:
crop cuts and self-reported production by plot in combination with land measurement with GPS. In addition, we also used the detailed information on labor input at plot level during planting (first visit) and the harvest (third visit). Crop cuts were implemented in both waves of the survey for 23 major crops. Five plots per crop were randomly selected from a list of all plots cultivated by the sampled households within an enumeration area.
In most cases, the plot selected for crop cutting was mono-cropped. Only if the crop was cultivated on fewer than five plots in pure stand within an enumeration area, were crop cuts also implemented on intercropped plots.
Once a plot was sampled from this list, a rectangular subplot within the plot was randomly sampled. In the first wave, this subplot was 2m by 2m square, while it was 4m by 4m square in the second wave. 8 Within the subplot, the crop was harvested by a trained enumerator and weighed. If logistical constraints allowed, crop cutting occurred simultaneously with the harvest of the main crop by the farmer. In both waves, nearly 40 6 That is to say, data from two different time periods provides support to the view that the findings have "external validity" in a temporal sense. Also, given the changes in units used for self-reports across the waves (standardized units in wave 1, greater allowance for local units in wave 2), the use of both waves indicates that the finding is robust to these variations. 7 The smallest plots were also measured with tape and compass, which is the gold standard of area measurement. 8 Most enumerators participated in both waves and were intensively trained prior to the fieldwork. Yet, a researcher closely involved with the field work suggested that that some enumerators may have been confused and implemented crop cuts on a 2m x 2m square in wave 2, rather that the prescribed 4m x 4m. Such errors are unavoidable in large-scale surveys. As a consequence, yields may be underestimated in wave 2. Again though, this error was not associated with the size of the plot from which the subplot was sampled.
percent of the crop cuts were executed in November and more than 90 percent were executed between October and December. Both fresh weights and dry weights were recorded. 9 The correlation between both measures was over 0.95. We used the dry weights to calculate yields. 2975 and 3532 crop cuts were taken in wave 1 and 2, respectively. We discarded, however, those crop cuts for which we had fewer than 150 observations per crop. Finally, 5920 crop cuts remained in the dataset, providing yield estimates for 19 different crops.
Farmers reported the harvest per crop and plot during the third visit. In wave 1, most visits occurred in January (57%), while in wave 2 most visits took place in February (78%). Note that the recall period ranges up to 5 months since most crops during the Meher season are harvested from September till February (Taffesse, Dorosh, & Asrat, 2011 ). On average, production was reported 77 and 98 days after the implementation of the crop cuts in wave 1 and 2, respectively. Production was reported on 3683 and 23,638 plots in wave 1 and 2, respectively.
The design of the survey with respect to reporting the harvest differed substantially between the waves in three respects. First, in the first wave farmers reported the harvest in kilograms, while in the second wave farmers could opt to report in local units, which were converted into kilograms in a later stage. Second, in the first wave production data was only collected on plots where crop cuts were implemented, while production data was recorded for all plots in the second wave. This explains why we have significantly fewer observations in wave 1 than wave 2. Third, only in the second wave were farmers asked to estimate the share of land devoted to each crop if the plot was cultivated in mixed stand. As a result, yields of plots in mixed stand are more precisely estimated in wave 2 than wave 1. Yields in wave 1 for plots in mixed stand are by construction underestimated since we divided by total plot area. To take this into account, we always included an interaction term between the wave and the crop stand. 10 As a robustness check, the results are also reported by wave in order to show that the results are not driven by differences in survey design between the waves.
By gathering detailed data on labor input at the plot level, the ESS data also allows us to examine the hypothesis that differences in labor use at the plot level is the main source of the IR (Barrett et al., 2010) . The ESS included a labor module on planting activities (first visit) and harvest activities (third visit). Farmers were asked to report family labor, hired labor and exchange labor by plot, and this information is included in the regression analysis to address the hypothesis that this is the reason for the IR.
Furthermore, differences in labor input may also explain differences in self-reported land productivity and crop cuts, a point that will be elaborated in the methodology section.
Given our focus on the inverse plot-size productivity relationship, the unit of analyses is the plot. In the ESS, enumerators first defined parcels, which are units of land that are owned by a single household and surrounded by land owned by another household or demarcated by natural boundaries (forest, water, road). Within a parcel, plots were then identified. In most cases, plots were clearly demarcated by hedges or paths, and most plots (80%) were single-cropped. All data (land area, production, inputs and crop cuts)
were collected at plot level, with the exception of irrigation, soil quality and the possession of a land certificate, which were reported at parcel level. Since parcels are already small pieces of land, plots are even smaller. Mean and median plot size is 1300m² and 640m², respectively and more than 95 percent of the plots were smaller than 5000m² (0.5ha).
Descriptive statistics
In order to examine if crop cuts were indeed randomly implemented across households and plots, we compare households with at least one plot selected for crop cutting versus those without a single plot selected for crop cutting and compare plots with and without crop cuts. 11 The validity of the main finding in this paper does not rest on the random allocation of the crop cuts across households since we also compare differences within the sample of crop cut households, but the random allocation is what allows us to extend our inferences to the rural population of Ethiopia.
Household characteristics are very similar between both groups (table 1) . The only important difference is that households selected for crop cuts owned slightly more land (1.30 ha versus 1.19 ha). This is in line with expectations though, since households with more land are also more likely to cultivate at least one plot suited for crop cutting. In terms of plot characteristics, differences between plots selected for crop cuts and the other plots are also potentially due to the sampling design (table 2) . Mono-cropped plots are more likely to be further away from the dwelling of the household and therefore crop cuts tended to be somewhat further away as well. Differences in terms of fertilizer application (both organic and inorganic), irrigation, labor input and soil quality are small.
The only exception is family labor during the harvest. Plots without crop cuts appear to be more intensively harvested (12.2 days/ha) than plots with crop cuts (8.1 days/ha).
In order to explore if an inverse productivity plot-size relationship exists in our data, we examined maize yields in wave 2 by quartile of plot size and measurement method (figure 1). Mean and median yields based on self-reported production clearly decrease with increasing plot size. Median maize yields are over 2000 kg/ha on the smallest plots, but decrease to 1000 kg/ha on the largest plots. This pattern holds more generally in the data. Using all observations, a simple, bivariate regression confirms the existence of the inverse plot-size productivity relationship. Regressing the log of yields 12 on the log of plot size shows that yields decrease by 34 percent if plot size doubles (t-value=73). 12 Production was converted in its monetary value using local prices. If we had at least 10 observations, median self-reported prices by crop were calculated at the Woreda level, which is the administrative unit just above the lowest unit (the Kebele). If there were fewer than 10 observations, the median national price was used. The inverse productivity plot size relationship disappears, however, when yields are estimated with crop cuts. Crop cuts of maize even tend to increase with plot size.
Median maize yields equal 1200 kg/ha on the smallest plots and increase to 1800 kg/ha on the larger plots. This pattern is again observed for all crops. The bivariate regression suggests that crop cuts increase by 9 percent if plot size doubles (t-value=10).
When comparing crop cuts with yields based on self-reporting, we note that yields based on crop cuts are substantially lower than self-reported yields on the smallest plots, but higher on the largest plots. This suggests that self-reported production is systematically overreported on small plots and underreported on larger ones. 13 Given the few important differences between households and plots with or without crop cuts, this suggests that the inverse relationship can be attributed to systematic measurement error in self-reported production. This will be examined in more detail in the remainder of this paper. 
Methodology
We develop a simple model to explain how systematic measurement error in self-reported production can generate an inverse plot-size productivity relationship. Traditionally, the IR is estimated by regressing yields on plot size, , and a set of plot characteristics, :
where represents the plot, and is a normally distributed error term. The parameter of interest is , which reflects the correlation between plot size and yields. An inverse relationship can be rejected if ≥ 0. 14 The dependent variable in the equation are 'observed' yields, which are usually estimated as self-reported production, , divided by plot size, . Self-reported production equals the sum of 'true', but unobserved production, * , and an error term, .
14 is nearly always assumed to be independent of plot size. If depends on , equation 1 is nonlinear, which complicates the estimation procedure (see (Verschelde, D'Haese, Rayp, & Vandamme, 2013) ) for an application).
Hence, the following identity links observed yields ( ) with the true yields ( * )
and measurement error in self-reported production:
While the measurement error in self-reported production is plot specific, true yields, * , are assumed to be constant conditional on inputs such as fertilizer and plot characteristics such as soil quality.
Only certain types of measurement error generate an inverse productivity plot-size relationship. This can be illustrated as follows. Assume that the inverse relationship does not exist. This implies that ( * , ) = 0. Consequently, a spurious inverse relationship will be observed if and only if:
Equation 3 summarizes the condition that the error term in self-reported production needs to meet in order to generate an inverse relationship. First, it shows that "classical" measurement error (i.e. mean zero and independent of A) will not result in an inverse relationship. Second, in order to generate the IR, relative measurement error (i.e. the ratio of the error term to true production, or * ), needs to decrease with plot size.
For heuristic purposes, consider measurement error which is a non-stochastic, positive scalar, ( ). In this case, farmers overreport harvest on all plots by the same amount ( ), regardless of plot size. As such, equation 3 simplifies to * ( 1 , ) <0. 15 If measurement error is constant, the inverse relationship is generated because a small, positive measurement error in self-reported production biases estimated yields more on a small plot than a larger one. An example clarifies this process. Assume that farmers overestimate production by 10kg on all plots and that 'true' yields are 1000kg/ha. True production on a plot of 100m² is then 10kg, but farmers report a production of 20kg. Observed yields thus equal 2000 kg/ha, which overestimates true yields by 100 percent. On a plot of 1000m² true production is 100kg, but a harvest of 110kg is reported. On this plot, observed yields are 1100 kg/ha and overestimate true 15 The correlation ( , 1/ ) is always negative because of Jensen's inequality, which states that ( ( )) ≤ ( ( )), where is a convex function. Hence, ( , 1 ) = 1 − ( ) ( 1 ) ≤ yields by 10 percent. Consequently, while true yields are the same on the small and large plots, observed yields are 2000 kg/ha on the small plot and 1100 kg/ha on the larger plot and an inverse plot-size productivity relationship is observed.
Other types of measurement error also satisfy the condition expressed in equation 3 and, therefore, generate a spurious relation between plot size and productivity. For instance, farmers could systematically overreport production on small plots and underreport it on larger ones. Underreporting on larger plots may occur if farmers fear taxation or do not want to reveal their wealth. 16 While measurement errors in self-reported production could induce a spurious inverse relation, we argue that measurement errors in crop cuts are unlikely to do so. Crop cuts follow a standardized, objective design, which is independent of plot size. The methods followed for a crop cut from a sub-plot are exactly the same whether the plot is large or small. We therefore assume that whatever measurement error exists in crop cuts is independent of plot size. 17 Hence, if measurement error in self-reported crop cuts explain the IR, this relationship should disappear once crop cuts are used as proxy for yields.
One caveat deserves some attention. It is possible that crop cuts and yields based on self-reporting do not capture the same underlying concept. In other words, the true, unobserved yield, represented by * in equation 2, is not necessarily the same for both methods. Crop cuts measure the maximum potential yield, while self-reported production measures the actual harvest. In theory, crop cuts are an upper bound of yields, while self-reported production gives a more accurate estimate of the realized yields since it takes harvest losses into account. This conceptual difference is an important challenge to our bi-variate regression analysis. If the IR holds for self-reported proxies of land productivity, but disappears for crop cuts, one may argue that smaller plots are simply 16 One intuitive type of measurement error that will not generate a spurious inverse relationship is when the measurement error is proportional to true production. In this case, the error equals = * . Using equation 2, this implies that observed yields are always equal to (1 + ) * and are constant across plot size. 17 As further example of measurement error that might be attached to crop cuts, the time that one allows a crop to dry affects the measured output of the crop cut. If this time varies across crop cuts, then this introduces measurement error. Indeed, this is the motivation for why the data records whether the crop was measured wet or dry, and is why we run separate regressions. A somewhat related example is based on the fact that crop cuts are for a random subplot of a larger plot. Given that yields will vary across sub-plots within a plot due to a variety of reasons, this random selection of the sub-plot introduces sampling error. But, the expectation of these sampling errors is by definition mean zero and is not correlated with plot size. more completely harvested. To control for this possibility, we include labor input during planting and harvest at plot level in the regressions. In addition, we estimate the correlation between plot size and labor input in order to examine if small plots are indeed more completely harvested than larger ones.
The previous discussion about biased measurement of yields showed that the inverse relationship can only be generated by measurement error if relative measurement error in production decreases with plot size. The sign and magnitude of the relative measurement error can be estimated. To do so, the log of the ratio ( ) of yields based on self-reporting and crop cuts are regressed on plot size:
Labor input is included in the regression to capture the difference in the definition of the underlying 'true' yields. Using this estimation, we can predict the ratio, ( ), and use it to estimate relative measurement error as a function of plot size. Manipulating equation 2 gives the following relation between relative measurement error and plot size ( ): * * = ( ) − 1
Where is the ratio of yields based on crop cuts to true yields. Previous research has
shown that crop cuts are likely to overestimate 'true' yields, and we thus believe that > 1 (Fermont & Benson, 2011) . Since is decreasing in plot size, the relative measurement error will also decrease with plot size. Moreover, at a certain threshold of plot size (i.e. if ( ) = 1) measurement error is negative implying that observed production is lower than true, unobserved production. This critical threshold depends on assumption about as well as on the parameter .
The estimation of the inverse productivity plot-size relationship (equation 1) typically includes household fixed effects (Assunção & Braido, 2007) . In other words, one examines if small plots are more productive than large plots within the same household.
We cannot include household fixed effects when using crop cuts as dependent variable since only on rare occasions were several crop cuts implemented on plots from the same household. We do, however, include enumeration area fixed effects 18 as well as a set of household characteristics. 18 Interestingly, enumeration area fixed effects also control for enumerator bias. The survey was organized in such a way that there was a different enumerator for every enumerator area. Table 3 shows the results of the estimation of equation 1 using yields based on selfreported production (columns 1 -4) and yields based on crop cuts as the dependent variable (columns 5 -6). In all specifications, robust t-statistics are reported to account for heteroscedasticity. We first discuss the results for self-reported yields and establish that the inverse relationship holds in the data. Next, we show that the inverse productivity plot-size relationship disappears when yields are measured with crop cuts. We then examine if differences in labor input between small and large plots or systematic measurement error in self-reported production explain the findings.
Results
The classic approach to estimate the inverse productivity plot-size relationship includes household fixed effects and plot characteristics (table 3, column 1). This shows that yields decrease by 40 percent if plot size doublesindicating that the inverse relationship holds in Ethiopia and is stronger than in many other Sub-Saharan African countries (Larson et al., 2014) . The second specification replaces household fixed effects with enumeration area fixed effects and includes controls for household characteristics.
This does not affect the IR. In other words, the results remain similar when examining differences in land productivity between large and small plots within a household or between households within a same enumeration area. This is important because household fixed effects are not included when using crop cuts as proxy for land productivity. Restricting the sample to plots for which we have both self-reported production and crop cuts (columns 3 and 4), reduces the sample size from over 25,000 observations to slightly over 5000 observations. In both specifications, the IR remains highly significant. Specification 4 includes as an additional control labor at plot level, and this does substantially weaken the magnitude of the IR, but the negative relationship continues. Without including labor, yields decrease by 30 percent if plot size doubles, while yields only decrease by 16 percent if differences in labor input between small and large plots are taken into account. This important point will be discussed in more detail below.
In addition to plot size and labor, there are several plot and household characteristics that are significantly correlated with yields based on self-reported production (see full results in appendix). Of the 11 plot characteristics included in the regressions, 4 are significantly correlated with yields. Irrigation and the application of fertilizer as well as the distance to the dwelling increase yields. In wave 2, yields are higher on plots with mixed cropping systems, perhaps because of complementarities between crops. In wave 1, yields are by design always underestimated on mixed plots, which is confirmed in the regressions. With regards to household characteristics, only the asset index is significantly correlated with yields in most specifications. The asset index is a proxy for household's wealth. 19 Perhaps unsurprisingly, wealthier households tend to have higher yields. In some specifications, female headed households have lower yields, while poorly educated household have higher yields.
The results of the estimation of the IR using crop cuts as the dependent variable are also shown in table 3 (columns 5 -6). Specification 5 is the counterpart of specification 3, while specification 6 includes labor input and can be compared directly to specification 4. In both specifications the IR disappears. We even observe a positive and highly significant correlation between plot size and yields. Several other variables are also correlated with crop cuts. As in the previous specifications, chemical fertilizers and the asset index increase yields, although the latter variable is only marginally significant.
Labor input also correlates positively with crop cuts, but the correlations are weaker than between labor and yields based on self-reporting. Notes: ***, **, * denote statistical significance at the 1%, 5% and 10% levels. T-statistics in parentheses. Errors clustered at the enumeration area. Full results are provided in the appendix. All regressions include a dummy for the wave and plot characteristics.
Several robustness checks indicate that our findings remain consistent across different subsamples. Table 4 reports the results of three important robustness checks. All regressions include household and plot characteristics as well as labor input at plot level.
First, we estimated the IR separately for wave 1 and wave 2 of the survey. This is important because the methodology changed between the waves (and it also allows us to suggest that the findings are not driven by some temporally-specific factor). This is 19 The asset index is a simple, standardized count of the number of assets owned by the household. Thirty-five assets are considered including agricultural equipment such as ploughs, sickles and axes as well as durable consumption goods such as radios and mobile phones. particularly a concern for yields based on crop cuts since a crop cut was implemented on a 2m x 2m square in wave 1, while a subplot of 4m x 4m was sampled in the second wave.
The change in methodology may explain the sharp decrease (by 30%) in average crop cuts between wave 1 and 2, while self-reported production per hectare only decreased by 10 percent between the waves. 20 In both waves, we observe a negative correlation between plot size and self-reported productivity and a positive correlation between plot size and crop cuts. As a second robustness check, we limited the sample to plots cultivated with maize. Rather than expressing maize yields in their monetary value, we expressed them in kg/ha. This allows us to examine if the results are influenced by measurement error in price levels. Again, the IR is strong for yields based on self-reporting, but disappears for crop cuts. In contrast to the previous findings, the positive correlation between plot size and crop cuts of maize is no longer significant at conventional levels.
As a third robustness check, we assessed the impact of outliers. We followed the strategy of Larson et al. (2014) and excluded the bottom and top 5 percent of yields. This weakens the IR based on self-reported yields markedly, but has only a limited effect on the correlation between plot size and crop cuts. Outliers appear to be more of an issue for self-reported production than for crop cuts. Notes: ***, **, * denote statistical significance at the 1%, 5% and 10% levels. T-statistics in parentheses. Errors clustered at the enumeration area. Full results are reported in the appendix. All regressions include a dummy for the wave, household and plot characteristics, labor input and enumeration area fixed effects. Dependent variables are expressed in Birr/m², except for maize yields which are expressed in kg/ha. Samples are always restricted to plots for which we have both crop cuts and self-reported production.
A first explanation for the finding that the existence of the IR depends on the method used to estimate yields is that the different methods do not capture the same underlying concept. Crop cuts measure maximum attainable yields, while self-reported production is a proxy for the actual harvest. The observed inverse relation between plot size and self-reported yields is a real phenomenon if small plots are more completely harvested than large ones. This would not rule out that potential yields, as measured by crop cuts, remain constant across plots. This hypothesis is only partially upheld in the data. Table 5 shows the results of estimating the relation between labor input per hectare and plot size. Two types of labor (family and hired labor) and two agricultural activities (planting and harvesting) are distinguished. There is a strong, inverse relation between family labor (during planting and harvest) and plot size, and a positive, but less robust, relation between plot size and hired labor. This confirms that small plots are more intensively cultivated than large plots. Both findings are not novel in the literature and have been reported by Ali and Deininger (2015) in Rwanda and Larson et al. (2014) in several African countries. 035 Notes: ***, **, * denote statistical significance at the 1%, 5% and 10% levels. T-statistics in parentheses. Errors clustered at the enumeration area. Full results are reported in the appendix. All regressions include a dummy for the wave, household and plot characteristics, labor input and enumeration area fixed effects. All dependent variables are expressed in days/m². While controlling for labor input during planting and harvest substantially weakens the IR, the relationship remains statistically significant (table 3, column 4).
Family labor, particularly during the harvest, is correlated with yields based on selfreporting and crop cuts, but the former correlation is much stronger than the latter. This confirms that self-reported productivity is higher than crop cuts if the plot is more completely harvested. 21 In sum, the analyses suggest that households indeed cultivate and harvest small plots more intensively than large plots, which contributes to the inverse relationship, but is not sufficient to explain the relationship.
The second explanation for the IR is systematic measurement error in selfreported production. This can explain the IR if relative measurement error in self-reported production decreases with plot size. Regressing the ratio of self-reported yields versus crop cuts on plot size (table 6) confirms that yields based on self-reporting decrease with plot size relative to yields based on crop cuts. 161 Notes: ***, **, * denote statistical significance at the 1%, 5% and 10% levels. T-statistics in parentheses. Errors clustered at the enumeration area. The core sample discard bottom and top 5% of yields based on self-reporting and yields based on crop cuts.
Based on these results and using equation 4 from the previous section, relative measurement error in self-reported production can be estimated as a function of plot size.
This requires an assumption about the parameter , which represents the ratio of yields based on crops cuts versus unobservable true yields. We show results for three values of (1; 1.2; 1.4). This choice corresponds to assuming that crop cuts are the gold standard of yield measurement ( =1) or systematically over estimate yields by 20 percent ( = 1.2) or 40 percent ( = 1.4). In order to assess the sensitivity of the results to the estimated parameters of the IR, relative measurement error in self-reported production is estimated using parameters for the core sample (left panel in figure 2) , which excluded the top and bottom 5 percent of yields, and for the full sample (right panel in figure 2 ).
Independent of the choice of , the graphs show that relative error in self-reported production decreases rapidly with plot size. Relative errors are smaller when parameter estimates are based on the core sample compared to estimates based on the full sample, but the trends are broadly similar. We will therefore only discuss the results for the core sample.
With = 1, production is overreported by at least 50 percent on plots smaller than 80m² and underreported by more than 25 percent on plots larger than 1500m² relative to the 'true' production. For larger values of , overreporting on small plots increases, while underreporting on larger plots decreases. The critical threshold of plot size below which overreporting of production changes to underreporting of production depends on the choice of . This critical threshold equals 445m², 992m² and 2000m² for = 1, 1.2 and 1.4, respectively. With an additional assumption about 'true' yields, absolute measurement errors in self-reported production can be estimated. Assume that average 'true' yields are 1000 kg/ha. Under this assumption, true production on a plot of 100m² is 10kg and overreporting by 50 percent implies an overestimation by 5kg. With the same assumptions, true production on a plot of 2500m² is 250kg, but is underreported by 80kg.
While an overestimation by 5kg on small plots seems reasonable, the large underestimation on larger plots appears less credible. It is worth pointing out, however, that a similar pattern has been observed for self-reported land area: farmers tend to overestimate the area of small plots, but underestimate the area of larger plots (Carletto et al., 2015) . Moreover, the order of magnitude of over and underestimation is similar to our findings. For instance, Carletto et al. (2015) report that farmers overestimate plot size by 103 percent relative to GPS measurement on plots smaller than 0.5 acres (2000 m²) and underestimate it by 33 percent on plots larger than 5 acres (20,000 m²).
Conclusion
This paper revisits the inverse plot-size productivity relationship and presents evidence to reject it. As in previous studies, the relationship is strong if yield measurement is based on self-reported production, which is the traditional approach in household surveys to estimate yields. The relationship disappears and even reverses, however, if yields are measured with crop cuts, which is a standardized, objective method to measure yields.
This suggests that the inverse plot-size relationship is an artefact of systematic measurement error in self-reported production.
In theory, this result could also be explained by differences in labor input between large and small plots since crop cuts measure the potential harvest (i.e. just before the harvest) and self-reported production the actual harvest (i.e. after the harvest). If small plots are more completely harvested than large plots, an inverse relation would only be observed for self-reported yields and not for crop cuts. Although there is evidence of an inverse relation between plot size and family labor, the inverse relationship between selfreported production per hectare and plot size remained significant even after controlling for labor input.
This leaves systematic measurement error in self-reported production as the remaining explanation for the finding. No one disputes that self-reported production in household surveys is measured with substantial error for various reasons, including the long recall period. Yet, this error is invariably assumed to be independent of land size and therefore not a causal source of the IR. The inverse plot-size productivity relationship can readily be explained by measurement error if the measurement error is positive on small plots and if the errors relative to the true production decrease with plot size. Our findings indeed suggest that production is overreported on small plots and underreported on larger plots relative to production as estimated with crop cuts. Moreover, the systematic bias is substantial. Our best estimates indicate that production needs to be overreported by 40 percent to 100 percent on plots of 100m² and underreported by 10 percent to 35 percent on plots of 3000m² to explain the IR.
Systematic measurement error in self-reported production has important consequences for the analysis and interpretation of household survey data. Our analyses do not, however, reveal why households systematically misreport production. One may speculate that this is related to the recently established fact that farmers overestimate land size on small plots and underestimate it on larger ones (Carletto et al., 2015) . This phenomenon explains systematic error in self-reported production if farmers simply report production by multiplying 'estimated' plot size with an estimate of 'average' yields. Respondents indeed often use simple heuristics when reporting on complex issues (Tversky & Kahneman, 1975) . A second, potential explanation for systematic measurement error is heaping, which occurs frequently in surveys. Small rounding errors are more of a concern on small plots, where the total production is small, than on larger plots, where the error introduced by rounding is small relative to the total production. This asymmetry between small and large plots causes decreasing measurement error in yields with increasing plot size, which can generate an inverse relation. Once we understand why farmers misreport production, surveys could be redesigned to minimize reporting error and statistical procedures and rules of thumb could be developed to recalibrate self-reported production. This is critical since numerous papers rely on selfreported productivity to study, among other things, the profitability of fertilizers and new technologies or the impact of development programs on raising land productivity.
The rejection of the inverse productivity plot-size relationship has two important implications for the inverse farm-size productivity relationship. 22 First, the hypothesis of missing markets as the main explanation for the inverse farm-size relationship had been 22 The rejection of the plot-size relationship also implies that increasing land fragmentationi.e. subdividing large plots into smaller unitswill not increase production. This policy has never been recommended in practice, although it is a clear implication of the inverse plot-size relationship.
discredited because missing markets cannot explain productivity differences across plots within the same household (Assunção & Braido, 2007) . Attributing the inverse plot-size productivity relationship to measurement error thus reinvigorates the more conventional explanation of missing markets for the inverse farm-size productivity relationship. From a policy perspective, this implies that reducing frictions in land, labor and credit markets will increase agricultural output. Second, systematic measurement error in self-reported production might also generate or reinforce the inverse farm-size relation. Although this could not be tested with our data, attributing the farm-size relationship to measurement error in self-reported productivity would refute a stylized fact and challenge one of the key arguments in favor of small-scale agriculture. After all, small farms might not be more efficient than larger ones.
Appendix: full results of table 3,4,5 0.118*** -0.103*** 0.185*** -0.151*** (4.43) (-3.37) (3.83) (-3.43) Age household head 0.0249*** -0.0123*** 0.0220*** -0.0181*** (6.02) (-2.76) (4.08) (-3.68) Age² -0.000238*** 0.000121*** -0.000219*** 0.000175*** (-5.85 Notes: ***, **, * denote statistical significance at the 1%, 5% and 10% levels. T-statistics in parentheses. Errors clustered at the enumeration area.
